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Summary. Time changes of noise level at Warsaw Stock Market are analyzed us- 
ing a recently developed method basing on properties of the coarse grained entropy. 
The condition of the minimal noise level is used to build an efficient portfolio. Our 
noise level approach seems to be a much better tool for risk estimations than stan- 
dard volatility parameters. Implementation of a corresponding threshold investment 
strategy gives positive returns for historical data. 
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1 Introduction 

Although it is a common believe that the stock market behaviour is driven 
by stochastic processes [1, 2, 3] it is difficult to separate stochastic and deter- 
ministic components of market dynamics. In fact the deterministic fraction 
follows usually from nonlinear effects and can possess a non-periodic or even 
chaotic characteristics [4, 5]. The aim of this paper is to study the level of 
stochasticity in time series coming from stock market. We will show that our 
noise level analysis can be useful for portfolio optimization. 

We employ here a method of noise-level estimation that has been described 
in details in [6] . The method is quite universal and it is valid even for high noise 
levels. The method makes use of a functional dependence of coarse-grained 
correlation entropy K^{e) [7] on the threshold parameter e. Since the func- 
tion Ki (e) depends in a characteristic way on the noise standard deviation a 
thus o~ can be found from a shape of ^(e)- The validity of our method has 
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been verified by applying it for the noise level estimation in several chaotic 
models [7] and for the Chua electronic circuit contaminated by noise. The 
method distinguishes a noise appearing due to the presence of a stochastic 
process from a non-periodic deterministic behaviour (including the determin- 
istic chaos). Analytic calculations justifying our method have been developed 
for the gaussian noise added to the observed deterministic variable. It has 
been also checked by numerical experiments that the method works properly 
for a uniform noise distribution and at least for some models with a dynami- 
cal noise corresponding to the Langevine equation [6] . The method has been 
already successfully applied for noise level calculations of engine process [8] 
and has given similar results to an approach basing on neighboring distances 
in Takens space [9]. 

2 Choosing low noise portfolio 

In the present paper we define the noise level as the ratio of standard deviation 
of estimated noise o to the standard deviation of data Cdata 

NTS = (1) 

0~data 

In the first step we construct a portfolio from M stocks with the mini- 
mal value of the stochastic variable [10]. We assume that one can do this by 
maximization of the following quantity: 

M M 

B = 2_^2^,V%V3 —Pi,j = max ( 2 ) 

i=l j=l Gi °3 

where c^d is the standard deviation of deterministic part of the stock i, Oi 
is the standard deviation of the noise for this stock and pij is the correlation 
coefficient between deterministic parts of stocks i and j. The maximal value 
of B can be received with the help of the steepest descent method by changing 
variables pi and keeping the normalization constraint = 1- 

In some cases for practical reasons it is more efficient not to minimize the 
noise level in the portfolio but to maximize it. This is because the method 
for noise level estimation can fail and it can occasionally give wrong values of 
NTS. When we minimize the noise level it can happen that one stock with 
an artificially very low noise level dominates the whole portfolio and the risk 
increases without any additional profit. 

3 Investment method 

In our investment method we make use of additional information, available 
due to the knowledge of the noise level, to increase profits from selected port- 
folios. The simplest approach is to introduce a threshold for a noise level. We 
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divide all portfolios into two classes: profitable and nonprofitable taking into 
account high or low values of the noise level and a positive or a negative past 
trend. The partition into high/low noise classes is based on the threshold pa- 
rameter NTSth that should be optimized. Additionally we label portfolio by 
calculations of an average return for the last N W i n data. We use the following 
algorithm: if the past trend from N w i n data of the portfolio is positive m p > 
and the noise level of the portfolio is small (NTS P < NTSth) we consider the 
portfolio as a profitable. We have a profitable portfolio also when it is more 
stochastic (NTS P > NTSth) but its trend is negative m p < 0. In the remain- 
ing two cases we consider the portfolio as a nonprofitable. In such a way we 
create the basic strategy giving {pi}, which involves the information on the 
noise level and the past trend in the portfolio selection. This basic strategy 
should then be adjusted using a risk parameter r that is introduced below. 
The process of the final portfolio selection is based on the comparison of the 
optimized portfolio to the simplest portfolio consisting of equal contributions 
from all stocks (pi = 1/M, i = l,...,M). We set up a composition of the 
final portfolio {pi} with a use of certain risk parameter r on the preliminary 
optimized portfolio {p{\ as follows: 



One should mention that for a negative value of the parameter r we have the 
opposite investing to the composition pi . 

At Fig. 1 the level of success of our investment method as a function of 
the parameter NTSth is shown. Here the percent of success corresponds to a 
fraction of positive returns from our strategy. We have used a negative risk 
parameter r = — 1 to get a positive profit for small values of NTSth ■ NTSth < 

0. 85 in the above simulations. A similar dependence on the parameter N win 
is shown at Fig. 2. The percent of the success in both cases is above 50% and 
for some regions of selected parameters the strategy brings positive returns 
after commissions deduction. 

It is clear that to use our approach we have to find optimal threshold 
parameters NTSth and N win . Our optimization method is quite straightfor- 
ward and it resembles a genetic algorithm. During the optimization process 
we change the selection probability for actual values of optimized parameters 

1. e. we increase the probability if the profit from portfolio is positive and we 
decrease in the opposite case. The optimization process is terminated when 
we reach a satisfactory mean value of a yearly profit from past data (here it 
is 30%). In such a way we optimize simultaneously two parameters N win and 



We begin our algorithm by generating randomly chosen stocks in the initial 
portfolio. Then we randomly select a starting moment for our virtual invest- 
ment. The next step is to optimize the parameters N win and NTSth using 
available data from the period prior to the selected starting point. Finally we 
invest in the portfolio described by the risk value r = — 3 (see Eq. 3). The 
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Fig. 1. Plot of the investment success 
as a function of parameter NTSth in 
the period of January - July 2003 at 
the Warsaw Stock Exchange (N win = 
2500). Portfolio consists of 18 stocks 
from WSE. 
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Fig. 2. Plot of the investment success 
as a function of parameter N w i n in the 
period of January - July 2003 at War- 
saw Stock Exchange (NTSth = 0.85). 
Portfolio consists of 18 stocks from 
WSE. 



procedure was repeated 10000 times and at the end we calculated an aver- 
age profit i.e. the efficiency of the method. At Fig. 3 we show a distribution 
of returns for our portfolio at Warsaw Stock Exchange. We have calculated 
recommendations for windows 17 — 41 days long on the period July 2002 - 
December 2003 (see Fig. 4). The annual return received in such a way after 
commissions substracting is around 56% (the commission level has been set 
to 0.25%). To omit artificially large price changes that can be caused by such 
effects as stock splitting, extreme returns larger than 12 standard deviation 
of data have been rejected. 



4 Conclusions 

In conclusion we have analyzed noise level for data from Warsaw Stock Ex- 
change. We show that our noise level estimations can be useful for portfolio 
optimization. The resulting investment strategy brings larger profits than a 
simple average from the same stocks. 
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Fig. 3. Histogram of returns re- 
ceived by our strategy. The mean re- 
turn equals to 4.33% while the his- 
togram dispersion is about 17%. 
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Fig. 4. The aggregated return for 
our investment strategy applied for 
the Warsaw Stock Exchange. The re- 
turn corresponds to the mean annual 
return 56% while the mean annual 
return of Warsaw Stock Index was 
about 28% at the same time period. 
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